We argue that cross-trading within mutual fund families can decrease the costs associated with asset fire sales. This in turn creates an incentive for fund families to coordinate internal trades in order to support member funds that are in distress. We find evidence that forced sales by funds experiencing large outflows tend to be absorbed by other funds in the family. We show how this is more likely to be observed in families with a large number of funds, and we provide evidence of reciprocity among funds engaging in this type of co-insurance. Consistent with internal coordination, we document that the stock price reaction arising from the widespread selling by distressed funds is weak or insignificant when such funds belong to large families. We then study how co-insurance affects the behavior of investors and fund managers. Consistent with our hypothesis, we show that affiliation with large families significantly reduces the sensitivity of outflows to poor past performance, especially for funds holding more illiquid portfolios. As a result, we find that fund managers of illiquid funds affiliated with large families take on more risk than their small-family peers.
I Introduction
Nearly one-third of all U.S. equity flow was traded away from exchanges during the first quarter of 2012. Approximately 20% of all trades were executed internally by brokers matching orders on their own trading desks. Dark pools accounted for an additional 13%. By comparison, the combined internalized and dark pool figures totaled only 15% in 2008.
1 Given the significant and rapidly growing amount of trading taking place away from traditional exchanges, it is important to understand how off-exchange markets affect stock prices and whether they affect the incentives governing the investment management industry.
In this paper, we study an important and largely under-explored source of off-exchange trades: the internal markets of mutual fund families. Affiliation with a fund family provides mutual funds with access to a potentially very active off-exchange market, and this market can be an important source of liquidity for funds in the event of adverse shocks. In particular, equity funds that are experiencing significant outflows may be forced to sell their stock holdings in the open-market at an asset fire sale discount (e.g., Coval and Stafford (2007) ). However, funds affiliated with a family can, alternatively, sell these stocks internally at the prevailing market price. 2 This allows distressed funds to avoid asset fire sale costs they would otherwise incur on the open-market. 3 This could then be a benefit of particular importance to funds holding more illiquid assets. Moreover, the existence of an internal capital market, and the possibility of cross-trading, could affect the effective price at which mutual fund managers can trade their assets. As a result, it could have an impact on the incentives of fund managers and investors. If adopted on a sufficiently large scale, this in turn could ultimately have implications for the asset prices displayed on the exchange. The purpose of this paper is to understand some of these effects.
We start by providing evidence consistent with coordination of some trades taking place in the internal markets of mutual fund families, specially in families with a large number of affiliated funds. 1 These estimates were obtained from Tabb Group, a financial markets' research and strategic advisory firm focused on capital markets. 2 The U.S. Securities and Exchange Commission (SEC) allows interfund cross-trading through exemptions provided under Rule 17(a)-7 of the Investment Company Act of 1940. A number of conditions need to be satisfied. One of such conditions is that the transaction needs to be effected at the "independent current market price of the securities," which is usually taken to be the average of the highest current independent bid and lowest current independent offer.
3 In addition to the price impact costs that funds can avoid by the use of cross-dealings within their fund families, no brokerage commissions, no fees, and no other remuneration is paid in connection with cross-trades. Furthermore, coordination can also help prevent contagion effects of fire sales within the family. A recent study by Blocher (2011) measures the effects of capital flow contagion across portfolio managers linked through overlapping asset holdings. Such contagion effect is likely to happen within fund families, given the large degree of overlap in the portfolio holdings across funds within the same family, as documented in Elton, Gruber, and Green (2007) .
Ideally, in order to differentiate between coordinated and uncoordinated trades, one would have to compare the level of offsetting buy and sell trades of each individual stock within each actual family in the data, with the level of offsetting trades that would happen within "clone" families created under the assumption of no internal coordination. In that spirit, our main empirical strategy is to construct pseudo (comparable) families by randomly combining funds from different families. Because the funds randomly drawn from the other families in the sample are not necessarily tied together by the same sponsoring management company, one should expect that there is weak or no group interest within these pseudo-families, and therefore no coordination of actions towards a shared objective.
Therefore, we replicate the structure of each one of our large families by randomly drawing matching funds from the remaining families in the sample. 5 We then use these pseudo-families to benchmark the levels of offsetting buy and sell trades (absorption) of each stock found in the actual families. Our tests consistently indicate that the degree of absorption displayed by actual families is significantly larger than what one would expect in the absence of coordination, in particular when selling funds are experiencing extreme outflows, and when they hold more illiquid portfolios.
What we do next is to try to understand the implications associated with such coordinated actions taking place within fund families. In particular, we explore how it distorts the incentives of managers and investors, and how it affects stock prices displayed on the exchange, if adopted on a large scale.
But before that, one might wonder why would a fund be willing to provide liquidity to another fund within the family? What does an absorbing fund have to gain from agreeing to participate in such concerted plan?
In fact, the existence of coordination of trades within fund families may sound somewhat at odds with what has been documented in Kempf and Ruenzi (2008) . These authors show that funds of a family should not be viewed as coordinated entities, but as individualities that also compete in a family tournament for investors' flows. However, in contrast to their work, we are focusing our analysis on the special case in which some funds within the family are in distress and in need of help from their siblings. In such specific circumstances, it might be that cooperation incentives are stronger than competition incentives within fund families. More generally, we believe that there are at least two ways (not necessarily mutually-exclusive) to reconcile our hypothesis with the existence of tournaments within fund families. The existence of internal coordination may be the result of a group interest, and therefore a strategy encouraged by the family, 6 or it may be the result of collusion among large fund families, and it should also be easier to absorb large block trades within large families without having to deviate from compliance with the SEC Rule 35(d)-1. This rule is commonly referred to as a style-drift restriction. 5 Mutual funds are matched first by the size of their assets under management, and then by portfolio holdings' characteristics. Besides matching on the standard characteristics of size, book-to-market, and momentum, as suggested in Grinblatt, Titman, and Wermers (1995) , we also match funds on the average liquidity cost of their portfolios.
6 Cohen and Schmidt (2009) provide an example in which funds distort allocations to benefit the family as a whole.
the individual fund managers, triggered in the event of adverse shocks. Therefore, our next step is to look at the characteristics of the funds involved in these coordinated offsetting trades.
Prior research found evidence of selective allocation of resources within families. In Gaspar, Massa, and Matos (2006) it is shown that families tend to transfer performance to funds that create high value to the fund complex, at the cost of their low-value siblings. It could be the case that the co-insurance argument also holds for funds that are more valuable to the family, which would be funds with good past performance that happen to be in transient distress, or funds that charge higher fees.
Consistent with this idea, we show that both distressed funds with a record of good past performance and funds that charge higher fees are more likely to have their forced sales absorbed within the fund complex. Similarly, if co-insurance is encouraged at the family level, we should expect the burden of absorption to fall on funds with lower performance (given the convex shape of the response of fund flows to past performance 7 ) and with lower fees. We find supporting evidence of the former, but not of the latter.
We also show that funds are more likely to be absorbers when it is relatively less costly for them to do so. For instance, we show that these are larger funds in size, funds holding more liquid assets, and funds experiencing larger inflows.
Another potential explanation for the existence of coordination within fund families is that there is collusion among the individual managers, who would cooperate in the event of transient liquidity shortfalls, for their mutual benefit. We find evidence consistent with this hypothesis. We show that a mutual fund is more likely to be an absorber of forced selling when it has also been in distress at some point in the recent past. In addition, we show that a fund manager under distress is more likely to be helped when she herself was an absorber in the recent past. We also find that fund managers are more likely to be involved in coordinated offsetting trades when they have been working for the same fund complex for at least a number of years. One explanation for this result is that fund managers may develop social ties during the period of time they work for their common management company.
As a result, they may be more willing to cooperate with each other. These pieces of evidence are consistent with the idea that there is a tacit agreement among the affiliated funds according to which, in a repeated game, they adopt a strategy of co-operation based on reciprocity, or "tit-for-tat."
Next, we look at the characteristics of the stocks being absorbed. We find strong evidence that stocks are more likely to be absorbed if they are less liquid, which are more costly to trade on the open market, and with relatively good past performance, which might be preferred by the absorbing manager. 7 As documented in Chevalier and Ellison (1997) and Sirri and Tufano (1998) , among others.
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Taken together, the findings described above are consistent with the hypothesis that co-insurance strategies exist within mutual fund families. Our next goal is to look at the implications associated with such strategies, if adopted on a large scale.
We argue that one of the key reasons why so much U.S. equity trading is now making its way outside of traditional exchanges, is the desire to prevent price impact. Therefore, if forced sales by distressed funds are absorbed within the family, these trades should have no impact on the quoted prices of the traded stocks. Consistent with this conjecture, we show that the downward price pressure created by forced (uninformed) selling is less significant for traded securities that are mostly held in common by distressed funds that belong to coordinated families. Conversely, the effect is strong when most of the forced selling comes from their non-coordinated peers. Finally, we explore whether the ability to co-insure against liquidity shortfalls increases the likelihood that liquidity shortfalls will happen in the first place. The reason is related to the differences in the flow to performance sensitivities uncovered by Chen, Goldstein, and Jiang (2010) . Following substantial outflows, funds need to adjust their portfolios and conduct costly and unprofitable trades, which damage future returns. If mutual funds conduct most of the resulting trades after the day of redemption, most of the costs are borne by the remaining investors. This increases the incentive for the remaining investors to pull their money out of the funds, which creates a "fund-run" effect. Illiquid funds are particularly susceptible to this effect. As a result, Chen, Goldstein, and Jiang (2010) find that the generally convex shape of the flow-performance relationship (e.g., Chevalier and Ellison (1997), Sirri and Tufano (1998) ) appears to be more robust for liquid funds than for their illiquid peers.
We argue that our hypothesis of co-insurance should weaken the link between liquidity and the sensitivity of fund flows to past performance. In other words, if illiquid funds in large families are insulated from asset fire sale costs, we should expect a weaker sensitivity of flows to poor past performance for these funds. Consistent with this argument, we estimate the shape of the sensitivity of investors' flows to past performance of illiquid funds affiliated with large families, and we find that it is relatively more convex than the one of their small-family counterparts. As a result, and consistent with the argument used in Chevalier and Ellison (1997) , managers of more illiquid funds are found to take more risks than their small-family peers.
The research on risk-sharing strategies of mutual fund families is almost non-existent. Closest to ours is a recent paper by Bhattacharya, Lee, and Pool (2012) , which investigates how affiliated funds of mutual funds provide liquidity to other funds within the family, in particular when these later funds are experiencing heavy redemption requests from their outside investors. 9 They show that this action reduces the performance of the liquidity providers but improves the performance of the liquidity receivers, by allegedly preventing them from engaging in asset fire sales. Our paper differs from theirs in many important respects, however. Their focus is on the unilateral provision of liquidity from affiliated funds of funds to their distressed investments. In other words, they study how these affiliated funds can provide liquidity in the form of direct investment. Instead, our focus is on the internal market of mutual fund families. In particular, we are interested in (i) how large-family funds can exploit their ability to cross-trade with other siblings in order to co-insure each other, (ii) the consequences of such behavior on the incentives of managers and investors, and (ii) its effects on stock prices.
We conjecture that the incentive for trade coordination within fund families has likely become stronger over the recent past. According to the Investment Company Institute, the amount of exchange redemptions in equity funds has been steadily decreasing over the past 25 years. In year 1987, the redemption rate of equity funds was the highest of the past 25 years, having reached the value of 73%, of which 49.6% were exchange redemptions, and 23.4% were regular redemptions. In contrast, in the year 2011, the redemption rate of equity funds was 30.1%, of which only 3.8% were exchange redemptions. 10 When there are numerous exchange redemptions, it is (mechanically) more likely that offsetting trades will be found within mutual fund families. As investors switch from one fund to another within the same family, they may induce these funds to submit simultaneous buy and sell trades that, by chance, and because of a large overlap in asset holdings between the funds, 11 offset each other in-house before being routed to other trading venues. However, we argue that, with not as many exchange redemptions, more coordination effort is required on the part of the fund managers, if they want to make sure that forced buy and sell trades, of a certain stock, largely offset each other within the family.
The remainder of the paper is organized as follows. In Section II we describe the data we use in this study and the strategy we adopt in our empirical tests. Section III presents our results on trade coordination within fund families, and Section IV analyzes its asset pricing implications, its impli-9 Funds of funds are mutual funds that primarily invest in shares of other mutual funds. Affiliated funds of mutual funds are funds that can only invest in other funds in the family.
10 See the 2012 Investment Company Fact Book, 52nd Edition. Exchange redemptions are the dollar value of mutual fund shares switched out of funds and into other funds in the same fund group. Regular redemptions are the dollar value of shareholder liquidation of mutual fund shares.
11 Elton, Gruber, and Green (2007) find evidence that mutual fund returns are more closely correlated within than between fund families, due primarily to common stock holdings. They show that, depending on the objective group being considered, as much as 34% of total net assets (TNA) consist of stocks held in common by funds in the same objective. For funds with different objectives, the median percent of the portfolio held in the same securities is 17% inside the family compared to 8% outside the family. 6 cations for the relation between fund flows and past performance, and its effect on fund managers' risk-taking behavior and performance. A brief conclusion follows in Section V.
II Data and Empirical Strategy
In this section we describe our data sources, the construction of our measures of absorption of asset fire sales, and the empirical strategy we develop to identify coordinated trades.
A Data Sources
We employ data from several sources in our analysis. We start with all the funds in the CRSP Survivorship-Bias Free U.S. Mutual Fund Database that can be matched to the mutual fund holdings data from the Thomson-Reuters Mutual Fund Holdings Database. 12 We restrict our sample coverage to the period between 1995 and 2009 because information about the fund families is scarce before
1995.
We focus our analysis on actively-managed domestic equity mutual funds. We use the Lipper classification in CRSP to identify these funds. 13 All stock-level information is obtained from CRSP and only common stocks traded on NYSE, NASDAQ, and AMEX stock markets are included. We require funds to hold at least ten CRSP stocks.
For funds with multiple share classes, we compute fund-level variables by aggregating across the different share classes, using each class TNA as weight. We exclude funds indicated in CRSP as being subject to restricted sales.
We limit our sample to funds whose assets under management reach at least $100 million in 2009 dollars, using the CRSP value-weighted market index as deflator. We also require that data on total net assets for each fund j and each month t (T N A j,t ) from CRSP to not be too different from that on 25] , and that changes in TNA are not
We look at liquidity costs in many of our tests. We resort to Hasbrouck (2009) for trading cost estimates of U.S. equities, and we only include stocks for which this measure is available. 14 Specifically, 12 We use the MFLINKS table from WRDS, which follows the procedures in Wermers (2000) . 13 Specifically, we include the following types of funds: Balanced, Capital Appreciation, Equity Income, Flexible Portfolio, Growth and/or Income, Long/Short Equity, Mid, Small, or Micro Cap. If the Lipper classification is missing, we use Weiscat and Strategic Insight to identify the types of funds described above. We exclude all index funds identified either by their classification or their names.
14 We would like to thank Joel Hasbrouck for providing the data on the estimates of liquidity costs in his website: http://people.stern.nyu.edu/jhasbrou/Research/GibbsCurrent/gibbsCurrentIndex.html we use the Gibbs estimate of the effective bid-ask spreads computed from the Basic Market-Adjusted model as our measure of liquidity cost.
We exclude stocks with market capitalization below the first NYSE decile throughout our sample, with median price below $5 (2009 dollars), or with less than 36 months of return history. We also exclude reported fund holdings of less than $1,000 (2009 dollars), or holdings that represent more than 10% of the ownership of the underlying company. 15 In order to further mitigate potential issues with the Thompson database, we also exclude cases in which any fund buys or sells more than 5% of the value of the underlying company.
Our final sample only includes funds with fund family information. We use the management company name from both CRSP and Thomson (TFN) to identify mutual fund families. We manually check for consistency across these two sources and across different sample periods. Whenever inconsistencies are found, we use the 13-F filings to identify the management company. We then assign a unique identifier to each family.
We are primarily interested in the internal market of families with a large number of funds, which we will call large families. Our measure of large family is computed as follows. At the end of each quarter we rank families based on their number of funds. We then classify families in the top 5% of the distribution as large. All the other mutual fund families are considered small.
In Table I , we provide information about our final sample. Panel A reports an average number of funds per large family of close to 30, while in small families this number is roughly three. The average size (TNA) of funds is $965 million for large families and $537 million for small families. Therefore, the average fund in a large family is itself larger than the average fund in a small family. We will discuss how that affects our empirical strategy in the next section. In terms of fund portfolio turnover, the large and small family sub-samples are similar, on average, although the median is higher for large families.
As described in the next section, we look at the characteristics of stocks held by the fund to create proxies for its style, in a manner similar to Daniel, Grinblatt, Titman, and Wermers (1997) 
(DGTW).
We look at four stock characteristics: market cap, book-to-market, momentum, and liquidity cost.
We follow DGTW and classify each stock based on a triple sort on size, book-to-market, and momentum. 16 For each one of these characteristics, we assign scores to each stock, ranging from one to five. These scores correspond to the stock's quintile in the triple sort. For our fourth characteristic, 15 If a fund elects to be diversified, the Investment Company Act requires that, with respect to at least 75 percent of the portfolio, no more than five percent may be invested in the securities of any one issuer and no investment may represent more than 10 percent of the outstanding voting securities of any issuer. 16 Specifically, each July we sort stocks into five groups based on each firm's market equity on the last day of June. The firms within each size group are then sorted into five groups based on their book-to-market ratio. Last, the firms in each of the nine size and book-to-market portfolios are sorted into five groups based on their preceding 12-month returns. All measures are computed following Daniel, Grinblatt, Titman, and Wermers (1997) and are described in Table XII. liquidity, we assign each stock to a liquidity cost decile and compute its score independently of the other characteristics. Liquidity scores thus range from one (most liquid) to ten (least liquid).
We then value-weight the scores of each stock held by the fund to compute the corresponding fund-level scores. For each of the four stock characteristics, our final measure is the average score of the fund over the previous three years. Panel A of Table I presents the average scores for funds in small and large families. The average size score for a large-family fund is 4.2. Since scores range from one (smallest) to five (largest), this figure implies that most of the fund's portfolio (in terms of value) consists of relatively large stocks. The corresponding score for a small-family fund is lower, about 4.0, but not statistically different from that of large families. A similar picture emerges for the other three characteristics. In particular, the average liquidity cost scores for large-and small-family funds are 3.8 and 3.9, respectively. Since liquidity scores range from one to ten, this number implies that funds hold primarily liquid stocks.
The main purpose of this paper is to provide evidence of coordinated trades within families and to examine its implications. According to our hypothesis, the benefits of co-insurance are more pronounced when distressed funds sell less liquid stocks. In other words, we should observe more absorption of asset fire sales by other funds in the family when the liquidity costs associated with such sales are higher. As detailed in the next section, it will be important to have a sense of how the purchases and sales of stocks vary across family sizes and liquidity costs. To that effect, we report in Panel B of Table I the average trade size (at the fund level) for different family sizes and liquidity cost deciles. Similarly, we report trade averages at the family level in Panel C.
Our measures of trade size are the proportions of the company being bought or sold. One advantage of using this measure is that we can easily aggregate trades across funds to compute the overall proportion of the company being traded. This will facilitate the interpretation of our measures of absorption and their asset-pricing implications. One disadvantage of such measure is that it is directly related to the size of the company, which is in turn related to its liquidity costs. As described below, we take steps to mitigate the potential effects these relations can have on our results.
The relation between trade size and liquidity cost is evident in both Panels B and C -trade size increases monotonically with liquidity costs. For instance, in Panel B, we find that the average sale by a large-family fund is 4.8 basis points if the stock belongs to the lowest liquidity cost decile, and 10.0 basis points for the least liquid stocks. The difference, 5.2 basis points, is statistically significant at conventional levels. We find a similar pattern for both buys and sells, both at the fund and family levels, regardless of family size.
As mentioned above, funds in large families tend to be larger themselves. This accounts for the differences in trade size observed by comparing small and large families. For instance, the average buy for a large-family fund is 5.1 basis points for the most liquid stocks. At the same liquidity cost decile, the average fund in a small family buys 3.9 basis points of the company. On average, funds buy more than they sell. For instance, the 5.1 basis point average buy of liquid stocks by large-family funds described above is matched by an average sale of 4.8 basis points of the company. This pattern is observed throughout most of the table.
Finally, we report average trade sizes at the family level in Panel C. By definition, larger families have more funds. Therefore, once trades are aggregated, a much larger proportion of the company tends to be traded by the average large family relative to the average small family. For instance, large families sell on average 22.4 basis points of companies in the highest liquidity cost decile. By comparison, small families sell 17.0 basis points of such companies.
Panel C also reports the differences between the trades of companies in the highest and lowest liquidity cost deciles (High -Low). When we concentrate on large families, the average buy size increases more rapidly than the average sell size as we move from more to less liquid stocks. However, we do not observe such pattern for small families. Although only suggestive at this point, this pattern is consistent with our hypothesis. If coordinated trades increase with family size and liquidity cost, we should observe purchases increase over sales as stocks become less liquid. We show in the next section how we separate co-insurance from other alternative hypotheses.
It is important to note that the sales described above are not necessarily induced by outflows (i.e., not asset fire sales). We take a number of steps to separate these "forced," liquidity driven, asset fire sales from other trades (which might be driven by information).
B Flow-Induced Selling
In this section, we describe how we compute our measures of flow-induced selling. We start by computing fund j's flows following prior literature (e.g. Chevalier and Ellison (1997) , Sirri and Tufano (1998) ). Specifically, we calculate monthly flows as the growth rate of TNA after adjusting for the appreciation of the fund's assets (R j,t ), assuming that all cash flows are re-invested at the end of the period, f low j,t =
We use different measures to proxy for outflow-induced sales. The first is the actual proportion of the company being sold by funds in the lowest flow decile (large outflows), similar to the one used by Coval and Stafford (2007) . This measure has the advantage of being easy to compute and easy to interpret. One disadvantage is that it assumes that all sales by distressed funds are asset fire sales. It is not necessarily the case that every sale by a distressed fund is an asset fire sale. In other words, the probability of an asset fire sale can be different for different stocks.
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17 Alexander, Cici, and Gibson (2007) show that the reason behind the decision to trade matters when assessing trade performance. They look at purchases of stock by funds when funds are experiencing outflows as a signal that such funds have information that such stock is undervalued.
To overcome this problem, we propose a way to estimate the proportion of actual sales more likely to be the result of outflows. The idea is to scale an actual sale by its attributable risk of being outflowinduced. We define the (attributable) risk that each stock i will be sold by fund j at time t due to outflows as:
In other words, AR 
where α, β, and γ are ML estimates from the Logit model.
We estimate the attributable risk that a stock i will be sold due to outflows at time t by
where the summation is over all funds in the sample. We use this estimate to scale the actual sales of stock i by each fund j at time t and create our first measure of outflow-induced sales (denoted OIS
where % Sold j,f,t represents the proportion of company i being sold by fund j at time t.
19 18 The concept of attributable risk is commonly used in the Epidemiology literature (e.g., Gefeller (1992) and Lloyd (1996) ). It is typically defined as
prob [Event|Non-exposure] . In our context, the "event" is the sale of a stock and the "exposure" is the occurrence of an outflow.
19 Specifically, % Sold j,f,t = max(0,−∆Hj,i,t) Sharesi,t−1 , where ∆H j,i,t represents the changes in fund j's holdings of company i between quarters t − 1 and t, and Shares i,t−1 is the number of shares of company i outstanding at time t − 1.
Note that OIS
[1] j,i,t is scaled by the average increase in sale risk due to outflow across all funds. One alternative is to use the individual predicted probabilities, which gives our second measure of outflow-induced sales (OIS [2] j,i,t henceforth):
where
.
Panel A of Table II presents the Logit estimates used in the construction of the outflow-induced sales measures, as well as the correlations of outflow-induced sales with the actual sales. Perhaps not surprising, the estimates in Panel A indicate a higher likelihood of sale when a fund experiences an outflow. Conditional on outflows, funds tend to sell larger companies, companies with lower past returns, and companies for which funds have a larger ownership. These are the estimates we use when computing the predicted probabilities discussed above.
In Panel B of Table II , we present the correlations between the measures of outflow-induced sales and the actual sales. Overall, these correlations are high, ranging between 71% and 73%. Since our measures scale actual sales by the attributable risk of outflows, we should expect them to be more correlated with the actual sales when we focus only on those funds experiencing large outflows. This is indeed the case: when we restrict our sample to funds in the lowest flow decile, the correlations increase from 73% to 82% for our first measure, and from 71% to 77% for our second measure of outflow-induced sales.
C Absorption of Flow-Induced Selling
Our hypothesis of co-insurance states that asset fire sales by distressed funds will likely be "absorbed"
by other funds in the family. In this section, we describe the construction of our absorption measure.
Specifically, we define absorption as the log ratio of the number of shares of company i bought by any fund k = j within family f and the number of shares of the same company i sold by any fund j within the same family f :
where the variable %Bought i,f,t is the proportion of the company i being bought by all funds k = j in family f at quarter-end t, and the variable %Sold i,f,t is the proportion of the same company i being sold by funds j affiliated with family f . To compute the absorption of outflow-induced sales, we substitute the %Sold i,f,t by one of the outflow-induced sale measures described in Section B above.
It is important to note that it is difficult to infer co-insurance from either the level or the sign of
For instance, we can have A i,f,t > 0 even under the hypothesis of no coordination of tradesas long as some funds in the family are independently buying more shares than the ones sold by their distressed siblings. The reasons for such behavior include the existence of overlapping portfolios, differences in beliefs, or simply by chance. Similarly, finding higher levels of (absolute) absorption for larger families does not constitute a test of our hypothesis. This is because, mechanically, the probability of an offsetting trade increases with the number of funds in the family. Even if buys and sells are random, we should expect a higher proportion of offsetting trades in a family with hundreds of funds than in a family with only a few funds.
Ideally, a test of co-insurance would involve comparing the actual levels of absorption observed in the data with those observed in a sample of (otherwise identical) families with uncoordinated trades across affiliated funds. In that spirit, our main empirical strategy is to construct pseudo, comparable, families by randomly combining funds from different families. The next section details the construction of these pseudo (comparable) families.
D Simulated Families and Comparable Funds
As explained above, examining only the level of our absorption measures is not ideal. In this section, we propose to compare the actual level of absorption for each family with those of a control group.
Intuitively, for each family f we would like to construct a control "family" (or pseudo-family) with the same characteristics as f but with uncoordinated trades across its funds. We take two approaches to that effect. The first is to simulate a series of control or pseudo-families by randomly selecting funds from the entire (remaining) sample. We do that for each of the families that we classify as large. The second approach we use is to create one control or pseudo-family for each large family by selecting the closest comparable funds from small families only. We discuss later the advantages and disadvantages of each approach.
The first step we take to construct these control families is to classify each fund in our sample based on their size and the type of stocks they typically hold (i.e., their style). To that effect, at the end of each quarter, we rank all funds based on their TNA and assign each fund to a TNA quintile.
We then use each fund's value-weighted measures of size, book-to-market, and momentum to assign each fund to one of the different styles, similar to Daniel, Grinblatt, Titman, and Wermers (1997) .
Each fund is then assigned to one of 27 × 5 = 135 categories or TNA-style groups. For the remainder of the paper, we use the term "style" to indicate one of these 135 categories.
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The idea behind our simulations is simple: by randomly selecting funds from different families we can ideally eliminate the possibility of coordination. 22 This allows us to evaluate the degree of trade coordination within mutual fund families and to explore its implications. Each large fund family f is replicated by randomly drawing mutual funds in the same style as each of its funds from the rest of our sample. The pool of potential matching candidates comes from both small and large families.
These large families do not include the family from which we pick the fund to be matched.
Our simulations proceed as follows:
1. For each quarter t:
(a) For a given family f , count the number of actual funds in each of the 135 styles. Let N (f, t, y) represent the number of funds belonging to family f that are assigned to style y at the end of quarter t.
(b) Using the entire sample of funds that do not belong to family f , randomly select N (f, t, y) distinct funds of style y at the end of quarter t.
(c) Repeat this process for each style y of family f .
2. The result is a simulated pseudo-familyf 1 containing the same number of funds as the actual family f and with the same distribution of funds by style.
We repeat this process 5,000 times to construct, for each family f , a sequence of simulated families
Note that, by construction, there should be little or no coordination of trades within each of these simulated families.
Our second approach involves the use of comparable funds from small families only. The advantage of this approach is that it more closely replicates the size of each comparable fund. In addition, it allows us to look at how funds in large families behave differently than funds in small families.
Specifically, for each fund j ∈ f , we find among all small-family funds with the same style as j the one with closest TNA. This process leaves us with one comparable pseudo-family for each large family in our sample.
21 Daniel, Grinblatt, Titman, and Wermers (1997) construct their 125 style groups based solely on holdings characteristics. Since we further require funds to be similar in size (TNA) using the 125 style portfolios in Daniel, Grinblatt, Titman, and Wermers (1997) proved impractical, as many groups would have just one or two funds. 22 In practice, when constructing pseudo-families for the family f , we allow for the possibility that the funds sampled also belong to one same family (some other family g = f ). This means that we could potentially pick up coordinated trades between these funds. Since our results are based on the differences between actual and simulated families, the possibility of coordination even in simulated families goes against us.
Note that absorption is a family-stock-quarter measure. As a result, comparing the absorption of a stock by an actual family to that of a pseudo-family requires the sale of that same stock by both these families . One of the problems with using just one sample of comparable funds is that the comparable funds do not necessarily sell the same stock as in the actual family at the same time. As a result, we can only compare a subset of stocks held by the large family (i.e. those that are sold by the actual family and the family of comparables). With simulations we mitigate this problem by requiring that only some of the pseudo-families be selling the stock. We impose different criteria for inclusion and found similar results. We settled for requiring that at least 1,000 pseudo-families sold each particular stock.
In Table III we report the summary statistics for selected characteristics of our actual, simulated, and comparable large families. We do that for the full sample (Panel A), and for illiquid funds only (Panel B). We classify funds as illiquid if they belong to the highest liquidity cost decile. It is important to note that, in general, the characteristics of our simulated and comparable large families do not differ significantly from those of our actual large families.
From Panel A of Table III , we find that a large family in our actual sample has close to 25 funds on average. Note that this number is smaller than the one found on Table I . This is because (i) we only include fund-styles for which we can find at least ten other candidate funds, and (ii) funds in less populated styles are concentrated on the largest families. As a result, removing these funds mitigates the effect of outliers in the number of funds. Note also that the average number of funds in the simulated and comparable samples are smaller relative to the actual sample. This is because there were cases in which we could not find distinct funds belonging to other families (simulated) or to small families (comparables). It is important to note that in all our tests, the computation of absorption measures includes only funds that could be matched. In other words, we only compare absorption of families with the same number of funds. Otherwise, our results would be influenced by the mechanical relation between absorption and number of funds described above.
In the column S − A of Panel A we compare the average characteristics of actual and simulated samples. For each characteristic, we compute the difference between the simulation average and the corresponding actual value. We use the time series of estimates to make inference. In the column P (S ≥ A) we report the average proportion of simulations in which the simulated value was above the actual value. Thus, this number can be interpreted as an empirical p-value for the difference S − A. From Column P (S ≥ A), we can see that we cannot reject the hypothesis that the actual and simulated characteristics are similar (the exception is the number of funds, as discussed above).
Panel A also compares the characteristics of the actual and comparable families. As we describe above, funds in larger families tend to be larger themselves. As a result, we find a significant difference in the size of actual and comparable funds (the former includes only small-family funds). We also find slightly higher turnover for funds in the actual family and a small difference in the average valueweighted stock size quintile. Table III repeats the analysis for illiquid funds only. Overall, we find similar characteristics when comparing the actual and simulated values. For the comparable sample, we find higher turnover, risk-shifting, liquidity cost, and holdings volatility for the actual family.
Panel B of
Next, we compute the absorption measure, defined in Section C above, for each one of these simulated families. Let A [b] i,f,t denote the absorption measure of stock i at time t by the b−th simulated family with the same characteristics as family f . We then create a measure of excess absorption using these simulated families as
i,f,t where B denotes the number of simulations.
Intuitively, higher values of ∆A i,f,t indicate that families are absorbing more sales than we would expect from similar families with no coordination. We can draw inferences by comparing the actual absorption against the entire distribution of absorption across simulated families. Define Prob A
indicate a higher probability that the absorption we actually observe is more than we would expect in the absence of coordination.
III Co-Insurance
The purpose of this section is to provide evidence that mutual fund families coordinate actions across member funds in order to support affiliated funds that experience temporary liquidity shocks. As discussed above, our empirical approach to measure the absorption of asset fire sales is to compare the offsetting trades observed in large families to those one would observe if coordination was absent.
In general, we predict a higher level of absorption of asset fire sales relative to that found for the control groups. In addition, our hypothesis implies that such differences should be more pronounced for less liquid stocks and for funds experiencing large outflows.
A Evidence of Co-Insurance
The first column of Panel A of Table IV, titled All Buys (A), shows how the average absorption of any sale varies with liquidity costs. To understand how these measures are constructed, note first that absorption is a family-stock-time measure. In other words, our unit of observation is a triple (i, f, t) corresponding to a family f , trading a stock i during the quarter t. Since the focus is on how absorption varies across a stock characteristic (liquidity), we first average absorption across large families to create the measure A i,t = (1/N ) f A i,f,t , where N is the number of large families. We then average across stocks in the same liquidity cost decile by computing
where the summation is over all stocks belonging to liquidity cost decile d. The figures presented in the first column of Table IV correspond to time series averages 
It is clear from Column (A) that, at least unconditionally, absorption decreases monotonically with liquidity costs, which is the opposite of what our hypothesis predicts. In particular, we present in the last row of Panel A the difference between the absorption of high and low liquidity cost stocks.
This difference is -8.22 basis points and it is significant at the 5% level. As explained before, this pattern is not surprising given the strong relation between size and liquidity. Note also that, regardless of liquidity levels, not all sales are absorbed on average -all the coefficients are negative. Similar patterns are observed for the simulated sample (Column Simulated (S)).
In the third column (P (S ≥ A)), we compare the estimates of absorption observed in the data with their distributions from the simulated families. We estimate the probability that the simulated absorption is greater than the actual one. Intuitively, lower values of P (S ≥ A) indicate a lower proportion of simulations with higher absorption levels than what is observed in the data. We interpret this value as an empirical p-value.
When we look at all sales, the probability that offsetting trades occurring within our simulated families is greater or equal to those occurring within our actual families is generally large, ranging from 28% to 41%. This means that we cannot infer that there is an abnormal level of offsetting trades in actual families. Note, however, that our hypothesis does not make predictions about the absorption of all sales, but only about asset fire or flow-induced sales. Therefore, the large p-values found in column P (S ≥ A) do not necessarily contradict our hypothesis. To test whether this pattern persists when asset fire sales are considered, we repeat the analysis using our two proxies for outflow-induced sales.
The first thing to notice in Columns P (S ≥ OIS [i] ), m = 1, 2, is the monotonic decrease in pvalues as liquidity costs increase. For instance, in Column P (S ≥ OIS [1] ), p-values decrease from 23% to 8% as we move from the most to the least liquid stocks. This is in line with our prediction that absorption is more pronounced for less liquid stocks. Note also how the p-values decrease relative to those found in Column P (S ≥ A). Although we cannot reject the null of no coordination at high levels of significance, the proportion of simulations with higher absorption decreases from 35% to 8%
for the least liquid stocks. These differences are even more pronounced in Column P (S ≥ OIS [2] ).
First, p-values decrease from 12% to 4% as liquidity costs increase. Second, we only find higher levels of absorption of illiquid stocks in about 4% of the simulations. We interpret these patterns as evidence of co-insurance. In addition, the empirical p-values are much lower than their Panel A counterparts, ranging from 13% to 21%. Similarly to Panel A, we find lower empirical p-values when we use our proxies for outflowinduced sales. In fact, for both measures of outflow-induced sales for the least liquid stocks, we can reject the null hypothesis of no coordination at the 5% level.
In Table V , we report the results of absorption using our families of comparable funds (replicated families using similar funds from small families only). Note that, relative to the comparable families, our actual large families seem to experience a significantly larger amount of purchases per amount of sales of a particular stock, in particular if the selling funds are experiencing extreme outflows and the selling is more likely induced by such outflows. These results confirm what we document in Table IV, that there is coordination of trades within large families, in particular when funds within the family are being forced to sell due to heavy redemption requests, and when the liquidity of the assets of the funds involved in these transactions is low.
The results we present above add to the findings in Nanda, Wang, and Zheng (2004) . They show that "winner-picking" strategies can be used to create performance spillover within fund families. We instead explore the "socialistic" side of the mutual fund family organization and show that strategies aimed at smoothing outflows of funds that are more sensitive to underperformance can be an important instrument to help families achieve the maximization of the value of their net assets under management.
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In the next sub-section, we present the characteristics of funds and families that engage in (excess) absorption of outflow-induced sales, as well as the characteristics of their stock holdings.
B Characteristics of Absorbing and Co-Insured Funds
In this sub-section, we study the characteristics of the funds involved in coordinated trading within fund families. We are interested in the following related questions. First, which distressed funds are more likely to have their sales absorbed. Second, which funds are more likely to absorb asset fire sales. Finally, we are also interested in studying which stocks are more likely to be absorbed.
To answer these questions, we take the following approach. First, we look at the largest sale by distressed funds. Note that for our two proxies of outflow-induced sales, these can be interpreted as the largest outflow-induced sale. Everything else constant, these are the sales most likely to be absorbed in the presence of co-insurance. We then examine whether other funds in the family are buying such stock and create a dummy variable, which we use as the dependent variable in a probit model. The advantage of this approach is that we can examine how the probability of absorption is simultaneously related to the characteristics of the stock being sold, the distressed fund, and the absorbing fund.
In Table VI we report estimates of these quarterly probit regressions. Only large families are included. We report the estimates for our three measures of asset fire sale. We run the same regressions for the actual families and for their simulated counterparts. The idea is to test whether the relations found for the actual families are more likely to be attributed to coordination.
We start by examining whether the tenure of fund managers is related to the probability of absorption. We create a dummy variable that indicates whether the managers of the two funds involved have been working on the same family for three years or more (3yr Manager Overlap). The idea is that a positive coefficient on 3yr Manager Overlap indicates a higher probability of absorption if managers have known each other for at least three years. We do find evidence of such effect for the actual sample -for all our measures of asset fire sales we find a positive and significant coefficient at 5% level. Unconditionally, the probability of absorption is about 13%. The increase in the likelihood of absorption implied by the coefficients in Columns (1) to (3) range from 2.0 to 2.2 percentage points. We find no significant relationships between tenure and absorption for the simulated sample.
Although the coefficients are positive, they are not distinguishable from zero at conventional levels.
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We find that absorption is more likely when the stock being sold has performed well in the past.
We find a positive and significant coefficient for the Past Stk Performance variable, which measures the performance of the stock over the prior 36 months. The average marginal effects range from 64 to 90 basis points and are significant at the 5% level or better. One potential explanation for this is that managers of absorbing funds are more likely to buy past winners, regardless of whether they are asset fire sales or not. 25 We do not, however, find a similar effect for the simulated sample. The significant coefficient for the actual sample may thus be capturing an additional effect. It could be that absorbing fund managers are willing to participate in such offsetting transactions as long as they get to purchase 24 It is important to note that differences in the magnitudes of the estimates for the actual and simulated samples have to be interpreted with care. This is because of potential differences in the distributions of dependent and independent variables across these two samples. For this reason, we will focus on comparing the significance of the estimates instead.
25 Grinblatt, Titman, and Wermers (1995) find that 77% of the mutual funds in their sample buy stocks that were past winners.
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an asset that has performed well in the past. This may be a way for the absorbing fund manager to more easily justify such trades before her shareholders.
Funds are more likely to absorb sales by distressed funds if both have similar styles. On the one hand this is not surprising: funds with similar styles tend to trade similar stocks. But one of the ways we reconcile co-insurance with the presence of tournaments is that absorbing funds would belong to different styles (thus not competing for the same investors' flows). The variable Same Style is an indicator of whether both funds belong to the same style. We find positive and significant coefficients for both our actual and simulated samples. As a result, we are unable to differentiate between these two explanations.
We now discuss how the characteristics of absorbing funds affect the probability of absorption. We create a variable called Prior Distress to indicate whether the (potentially) absorbing fund was itself distressed at some point during the prior three years. For the actual sample, we show in Table VI that a fund that has been in distress in the recent past is more likely to subsequently absorb asset fire sales originated by its siblings. Estimates range from 3.7 to 4.9 percentage points. We do not find such relationship for the simulated sample. This result is consistent with a tit-for-tat explanation for co-insurance.
Poor performing funds are more likely to participate in the absorption of outflow-induced sales by other funds in the family. The variable Fund Performance (q-1) represents the performance of the absorbing fund during the previous quarter, adjusted for risk by the four-factor model of Carhart (1997). We find negative and significant coefficients for all our measures of outflow-induced sales in the actual sample, but we do not find such result for the simulated families. One explanation consistent with this result relies on the convexity of the response of fund flows to past performance, as documented in Chevalier and Ellison (1997) and Sirri and Tufano (1998) . Since flows are less sensitive to poor performance, one can argue that the costs associated with absorption are lower for poor performing funds. As a result, we should observe more absorption by these funds.
If co-insurance is encouraged by the family, we would expect funds with lower fees to absorb more. This is because the costs (to the family) of potential distortions in their portfolio are lower for such funds. The coefficient on Total Fees (%) captures this effect. For the actual sample, we do not find a significant relationship between (absorbing funds') fees and absorption. We therefore do not find evidence consistent with this prediction.
Similarly, larger funds would arguably bear lower costs from absorbing asset fire sales. This is because, everything else constant, the absorbed stock would represent a lower proportion of their overall portfolio. For the actual sample we find a positive coefficient for Log(TNA)(t-1). In all specifications, these coefficients are significant at the 1% level. This result must be interpreted with care: an alternative explanation consistent with our results is simply that larger funds buy more stocks. Interestingly, 20 however, we only find a positive coefficient for the simulated sample in one specification, with a 5% level of significance.
We include additional absorbing fund characteristics to control for their average propensity to take the other side of forced sales of assets within the family. These include inflows, the number of stock holdings, and turnover. Perhaps not surprisingly, we find that funds experiencing inflows are more likely to buy stocks, as are funds with a larger number of stocks. Turnover does not seem to significantly affect the probability of absorption: the coefficient on Turnover is only positive and significant for one out of six specifications.
We now study some characteristics of distressed funds which we found to be associated with a higher probability of absorption. We start with additional evidence of a tit-for-tat strategy. We create the dummy variable Previously Absorbed to indicate whether the distressed fund absorbed stocks at some point during the previous three years. Intuitively, a positive coefficient on this variable indicates a higher probability of absorption for those funds which absorbed stocks in the past. We find a positive coefficient for all specifications when we use the actual sample. For the asset fire sale proxies Sell and OIS [1] j,i,t these coefficients are significant at the 5% level, whereas for OIS [2] j,i,t the coefficient is significant at the 10% level. Magnitudes range from 3.9 to 6.3 percentage points. In contrast, only one coefficient is found significant for the simulated sample, at the 10% level. Taken together with our evidence on how prior distress affects the probability of absorption, these results can be interpreted as an indication of collusion among managers in the same family to co-insure one another.
Interestingly, funds that are helped within the family are more likely to be funds which, although in distress now, have displayed good performance in the past. One explanation for this result relies once more on the idea that co-insurance is encouraged at the family level. This means that funds that are experiencing transient distress are more likely to have their sales absorbed. In fact, we find a strong relation between prior performance and absorption. The coefficient on Fund Performance (3yr), i.e., the accumulated performance of the fund adjusted for risk by the four factor model, is positive and significant at 5% level or better for all specifications when the actual sample is used.
Average marginal effects range from 12.3 to 23 percentage points. We do not find a similar result for the average simulated family.
Similar patterns are observed when we look at more illiquid funds (Illiquid Fund) or funds with higher fees (Total Fees (%)). Our result on fees is consistent with the cross-fund subsidization argument of Gaspar, Massa, and Matos (2006) -from a family perspective, funds with higher fees are more valuable. We also find that asset fire sales by illiquid funds are more likely to be absorbed by other funds in the family. These are the funds that benefit the most from co-insurance. This is because it is more costly for such funds to trade their assets, and such funds are more likely to experience fund runs, as documented in Chen, Goldstein, and Jiang (2010) . We find that asset fire sales by illiquid funds are 5.7 to 5.9 percentage points more likely to be absorbed by other funds in the family. These estimates are significant at the 5% level.
IV Implications of Co-Insurance
In this section, we explore how co-insurance can affect the stock price reaction to asset fire sales and how it can help distort the incentives of the fund managers affiliated with coordinated families.
A Price Reaction to Aggregate Flow-Induced Selling
Aggregate mutual fund trades have been shown to impact stock prices. For instance, Coval and Stafford (2007) , Frazzini and Lamont (2008) , Lou (2012) , and Jotikasthira, Lundblad, and Ramadorai (2011), among others, argue that aggregate mutual fund trades that occur in response to flows can lead to significant stock price movements. In this section, we study how the internal markets of mutual fund families can affect the stock price response to flow-motivated trades.
Our hypothesis of co-insurance predicts that asset fire sales by distressed funds will be absorbed by other funds in the family. Since these cross-trades will be matched internally, we should observe no price impact. The absence of price impact is, in fact, what links internal trades to co-insurancedistressed funds can bypass the open-market and sell their assets to other funds in the family, thereby avoiding an asset fire sale discount.
In the spirit of Coval and Stafford (2007), we examine the price impact of asset fire sales by identifying instances where a stock happens to be sold by many distressed funds. Because these are liquidity motivated sales, as opposed to informed ones, we should observe a temporary price drop following such events. To capture the magnitude of this effect, we follow Lou (2012) and construct a calendar time portfolio in which we buy stocks with the most selling-pressure and sell stocks with the least pressure. Portfolios are then held for 36 months. This will be a profitable strategy if asset fire sales induce a temporary price decrease. To measure profitability, we construct measures of abnormal returns. These correspond to the intercept of two different models of expected returns: the three-factor model of Fama and French (1993) , and the four-factor model of Carhart (1997) .
Specifically, at the end of each quarter we assign each stock to a selling pressure decile. The selling pressure for stock i during the quarter t is defined as the difference between aggregate sales and purchases, Pressure i,t = j∈S % Sold i,j,t − j % Bought i,j,t , where the first summation is over all funds in a subset S, the second summation is over all funds in the sample, % Bought i,j,t is the proportion of company i being bought by fund j during quarter t, and % Sold i,j,t corresponds to one of the asset fire sales measures described in sub-section B of Section II. We compute different 22 measures of selling pressure for different subsets S. We then assign each stock to a selling pressure decile. Calendar time portfolios are formed by buying stocks in the highest selling pressure decile and selling stocks in the lowest decile. Portfolios are rebalanced quarterly and positions are held for three years.
Our hypothesis predicts that when a higher proportion of the selling pressure comes from asset fire sales by large-family funds then it is associated with a smaller price impact. This is because, according to our hypothesis, these sales are being absorbed by other funds in the family, as opposed to being offered in the open market. To test this prediction, we construct a measure of the relative selling pressure exerted by large-family funds as Relative Pressure i,t = j∈Large % Sold i,j,t j % Sold i,j,t
, where in the numerator the summation is over large-family funds only. At the end of each quarter, we assign each stock to a Large or Small portfolio depending on whether its relative pressure measure is above or below the median. We then construct two distinct calendar time portfolios -including only stocks in the Large or Small subsets, respectively. Note that this does not mean that only asset fire sales by large families are included in the Large subset. What it means is that there are more asset fire sales by large-family funds in the Large subset than in the Small subset. Note also that each of these portfolios contains an equal amount of stocks at any given time.
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In Table VIII we report abnormal returns for different calendar time portfolios, both equal-and value-weighted. In Panel A of Table VIII , we include all asset fire sales in the computation of the selling pressure. For equal-weighted returns, alphas range from 37 to 68 basis points per month. We find significant abnormal returns, at the 5% level or better, for four out of our six specifications. For value-weighted portfolios, alphas range from 28 to 69 basis points. In four out of six specifications we find significant alphas at the 1% level or better. These results are consistent with the findings of Coval and Stafford (2007) and Lou (2012) .
In Panel B of Table VIII , we include only events in which a larger proportion of the selling pressure comes from small families. In general, we find higher magnitudes in Panel B than in Panel A, although these differences are not statistically significant.
In Panel C, we include only events where a larger proportion of selling pressure is due to largefamily funds. For equal-weighted returns, we lose significance in all but one specification. The four-factor alpha for Sales is 59 basis points and significant at the 5% level. When we use other variables, we find no abnormal returns. For value-weighted portfolios, we find smaller magnitudes in all six specifications, compared to their corresponding estimates in Panel B. While in Panel B these estimates range from 36 to 81 basis points, they fall between 29 and 56 basis points in Panel C. We also find weaker statistical significance relative to Panel B.
Overall, these findings are consistent with our hypothesis. When we include in the computation of the selling pressure measure more sales that are likely to be absorbed internally by other large family funds, we find a weaker effect on stock prices.
This then suggests that, coordination in the internal capital markets of fund families can mitigate the impact that forced transactions can impose on asset prices. As a result, allowing for cross dealings within fund families, which can potentially attract a significant number of uninformed transactions, may help improve the quality of prices on the stock exchanges. This is consistent with the argument used in Zhu (2012).
B Response of Fund Flows to Past Performance
The finding that the flow-performance relationship seems to be convex for the average fund is consistent with investors being reluctant to redeem shares of losing funds. One explanation for such behavior is the existence of economic or psychological costs associated with the redemption of fund shares. Chen, Goldstein, and Jiang (2010) argue, however, that flow-performance sensitivities are not the same for all types of funds. In particular, conditional on poor past performance, funds that hold illiquid assets experience more outflows than other funds. 27 This difference in sensitivities can be interpreted as investors paying closer attention to the poor performance of illiquid funds. One explanation for this behavior is related to the larger performance consequences of asset fire sales by illiquid funds. Because these are less liquid stocks, asset fire sales of illiquid assets are especially detrimental to the performance of the fund. If investors believe that these effects offset the psychological or economic costs mentioned above, we should observe a less convex flow-to-performance relationship for illiquid funds.
The argument above relies on the existence of larger asset fire sale costs for illiquid funds, which adversely affect performance. However, our hypothesis predicts that these costs are mitigated for distressed funds in large families. If investors understand such pattern, then we should observe a more convex flow-to-performance relationship for illiquid funds in larger families relative to their smallfamily counterparts. In other words, investors in illiquid funds should be less sensitive to withdrawals by other investors (weaker strategic complementarities). This is because the damage created by forced transactions of illiquid assets is partially absorbed by the other funds in the family. 27 More precisely, Chen, Goldstein, and Jiang (2010) show that illiquid funds start to experience negative net flows at an average monthly relative performance of -0.8%, over the previous six months, while the threshold for liquid funds is -1.6%. In addition, the magnitude of negative net flows for illiquid funds appears to become significantly higher when the funds' average monthly relative performance, over the previous six months, falls below -2.7%. As a result, the generally convex shape of the flow-to-performance relationship, as so documented by Chevalier and Ellison (1997) , and Sirri and Tufano (1998), appears to be more robust for liquid funds.
In order to test this hypothesis, we estimate the sensitivity of fund flows to past fund performance using piecewise linear regressions, similar to those used in Sirri and Tufano (1998) and Huang, Wei, and Yan (2007) . To risk-adjust returns, we use the four-factor model of Carhart (1997), estimated using the prior 36 months of returns. At the end of each quarter, we run cross-sectional regressions to estimate the sensitivity of flows to performance. We control for many other factors that could potentially affect the level of flows, as in Huang, Wei, and Yan (2007) . The results are displayed in Table IX. In this Table, we report the means and t-statistics from the time series of coefficient estimates, in the spirit of Fama and MacBeth (1973) . Because we relate quarterly flows to past performance measured over the preceding 12 months, the cross-sectional flow-performance sensitivity estimated in each quarter is likely to be autocorrelated. To account for this problem, standard errors are corrected using 12 lags, following Newey and West (1987) .
In order to test whether co-insurance strategies at the family level affect the sensitivity of the fund flows to past performance, we focus our analysis on the comparison between liquid and illiquid funds, similar to Chen, Goldstein, and Jiang (2010), for our large and small families. The first three columns of Table IX report our baseline specification. The main variables of interest are the performance levels. Following Huang, Wei, and Yan (2007), we first rank the performance of funds into percentiles.
We then define Low j,t−1 = min(Rank j,t−1 , 0.20), Mid j,t−1 = min(Rank j,t−1 − Low j,t−1 , 0.60), High j,t−1 = Rank j,t−1 − Low j,t−1 − Mid j,t−1 , and Rank j,t−1 represents the performance percentile for fund j in the previous quarter.
Our results are consistent with Chen, Goldstein, and Jiang (2010). We find a convex flow-toperformance sensitivity for the entire sample (Column All). The sensitivity of flows to poor performance is around 13.6%, whereas the sensitivity of funds to high performance is much larger and close to 45.9%. A similar pattern is found in a sample only including liquid funds (Column Liquid).
Although the sensitivity to high performance is relatively stable across specifications (ranging from 47.1% to 47.3%), the sensitivity to poor performance is higher for illiquid funds: 24.9% compared to 9.7% for liquid funds.
Our hypothesis predicts that the differences in the sensitivity to poor performance should be smaller for funds in large families. To test this hypothesis, we interact the performance variables with a dummy for large family. We find a negative and highly significant coefficient for the interaction Low × Large when we focus on illiquid funds. The coefficient of -26.2% implies that the sensitivity to low performance is lower for funds in large families. However, we do not find such effect for liquid funds.
One interpretation of these results is that investors are aware of the co-insurance benefits that can be provided by large families, which attenuates the strategic complementarity and "fund-run" effects documented in Chen, Goldstein, and Jiang (2010) . Along the same lines, our results seem to suggest that internal capital markets can be used strategically by fund families in order to mitigate the damaging effects of redemptions and the ownership costs associated with the lack of liquidity of a fund's portfolio holdings. This also suggests that coordination within large fund families can help ameliorate the fund-run effect identified in Chen, Goldstein, and Jiang (2010) . 28 However, the results presented here may raise concerns regarding the fiduciary responsibility of fund families with respect to their investors. In addition, the reduced sensitivity of flows to poor past performance for illiquid funds can lead to changes in the incentives of the managers of these funds that are affiliated with large families. We address this question in more detail below.
C Risk-Taking by Co-Insured Fund Managers
In this sub-section, we analyze whether co-insurance strategies implemented at the family level affect the behavior of their affiliated fund managers. The convexity of the response of fund flows to past performance, and the limited liability associated with it, can implicitly encourage fund managers to take excessive risks (e.g., Chevalier and Ellison (1997) and Basak, Pavlova, and Shapiro (2007)). This asset substitution incentive can be costly for mutual fund investors, as shown in Huang, Sialm, and Zhang (2011) .
We argue that if large-family fund managers are at least in part insulated from outflow-related liquidity shocks, they may have the incentive to take more risks.
We use different measures of risk-shifting. Our first measure, denoted ∆Holdings Volatility(q − 1, q), corresponds to the changes in the volatility of holdings from quarter q − 1 to quarter q. This measure is intended to capture short-term changes in the volatility of holdings. We look at a longer horizon in our second measure, ∆Holdings Volatility(t−36, t), which captures the change in holdings volatility over the past three years.
Our final measure, Risk-Shifting, was developed in Huang, Sialm, and Zhang (2011) . These authors measure changes in risk by looking at the difference between the current holdings volatility (i.e., based on the fund's most recently disclosed positions), σ H f,t , and the past realized volatility based on the fund's realized returns σ R f,t over the prior 36 months. That is to say, Risk-Shifting
This measure is positive if the most recently disclosed holdings exhibit a higher volatility than the actual fund holdings over the prior 36 months and is negative otherwise. Thus, a positive risk-shifting measure indicates that a mutual fund increases the portfolio risk, which is achievable either by holding assets with higher risk levels or by concentrating its portfolio more.
Our goal is to show that sharp increases in risk are more likely in large families than in small families. To that effect, we create dummy variables to indicate large changes in risk. To construct this variable, we first rank funds according to each of the risk-shifting measures described above. We then assign a value of one if the fund belongs to the first decile (highest risk-shifting), and a value of zero otherwise. In Table X , we present the results of probit regressions in which this high risk-shifting dummy serves as dependent variable.
In Panel A of Table X, we include dummies for large families and illiquid funds, as well as fund characteristics shown to affect the risk-shifting measure in Huang, Sialm, and Zhang (2011) . We run separate regressions for different levels of performance. In particular, we classify funds based on their performance over the previous quarter (adjusting for risk using the four-factor model). Funds in the first column (Loser(q-1)) are those falling on the first quintile of performance, whereas Winner(q-1) contains all funds in the fifth performance quintile. All other funds are assigned to the Mid(q-1) group.
The columns Loser(t-36), Mid(t-36), Winner(t-36) are constructed analogously, except that we rank funds based on their performance over the past 36 months.
We find mixed coefficients for the Large Family coefficient in Panel A. These results indicate a positive effect for loser funds in two out of three measures of risk-shifting. In general, we do not find a significant effect of large families on risk-shifting for funds belonging to the Mid and Winner groups. The only exception is for Mid(q-1) funds in the ∆Holdings Volatility(q − 1, q) column, where we find a small marginal effect of 0.5%, significant at the 10% level.
A more consistent pattern emerges when we control for both the size of the family and the liquidity of the fund. From our results above, the largest differences in convexity of the flow-to-performance relationship occur for illiquid funds in large families compared to their small-family peers. Therefore, we interact our dummy for large family with the indicator for illiquid funds. Interestingly, across all specifications, we find a positive coefficient on Illiquid × Large. In general, these coefficients are significant for the Loser and Winner groups. This is in line with the findings in Brown, Harlow, and Starks (1996) . The convexity in the flow-to-performance relationship induces loser funds to take on more risk. According to our hypothesis, this convexity is more pronounced for illiquid funds in large families than in small families. If this is the case, we should expect more risk-shifting in large-family illiquid funds than in small-family illiquid funds. A positive and significant coefficient on Illiquid × Large is consistent with this argument.
We then conclude that the convex shape of the implicit payoff structure of illiquid funds in coordinated families can ultimately induce managers to take extra risks.
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D Net Performance Implications of Co-Insurance for Illiquid Funds
As we documented in the previous sections, the benefits of co-insurance seem particularly pronounced for illiquid funds. In this sub-section we examine whether the performance of these funds can be related to whether they belong to a large or small family. According to our hypothesis, illiquid funds that belong to large families are co-insured against liquidity shocks. Therefore, relative to their smallfamily peers, these funds should exhibit higher performance.
In Table XI , we report the Fama and MacBeth (1973) estimates obtained from quantile regressions of funds' risk-adjusted performance on several fund characteristics. The goal is to examine how the performance of illiquid funds is affected by their affiliation to a large family at different points of the distribution. We concentrate on the 20th, 50th, and 80th percentiles. Intuitively, these correspond to "poor", "average", and "high" performing funds.
In Panel A, we run different regressions for illiquid and liquid funds. For liquid funds, affiliation to a large family is related to lower performance at the 20th performance percentile. The coefficient on Large Family indicates that this decrease in performance is about 10.5 basis points, significant at the 1% level. This effect is consistent with our prior results on the likelihood of absorption. In Table VI we showed that both poor performing and liquid funds are more likely to absorb asset fire sales. If absorption has a negative effect on performance, this effect should be more pronounced for these types of funds, which is what we find in Panel A of Table XI. For the median liquid fund, large family association does not seem to be related to performance. When we look at the 80th percentile, however, affiliation to a large family has a positive effect on performance. This is consistent with the cross-fund subsidization argument of Gaspar, Massa, and Matos (2006) , in which the best performing funds will be subsidized by the other funds in the family.
A different picture emerges when we focus on illiquid funds. For these funds, affiliation to a large family has a positive effect on performance in all quantile regressions in Panel A. In particular, the performance of illiquid funds in the lowest quantile we examine is 47.5 basis points higher in large families. One explanation for this result is co-insurance: We showed in Table VI that illiquid funds are more likely to have their sales absorbed. Since these funds can avoid asset fire sales costs, their performance is better relative to similar funds in smaller families.
We find similar patterns in Panel B, in which all funds are included in the estimation. For all quantile regressions, the interaction term Illiquid × Large is positive and significant at 1% level.
The main takeaway of this table is that the co-insurance of illiquid funds in large families results in a positive net effect in terms of performance for those funds.
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V Conclusion
In this paper, we document that funds affiliated with large enough families tend to coordinate actions in order to absorb trades executed by their distressed siblings. We provide evidence consistent with tit-for-tat behavior among funds affiliated with the same family, and we show that coordination is more likely to happen when forced transactions involve more illiquid assets. Our argument is that the aggregate adoption of such strategies by mutual fund families mitigates the damaging effects of asset fire sales. As a result, we show how the stock price reaction to such sales is less pronounced for large-family funds. We then explore how risk-sharing strategies implemented at the family level help distort the incentives of the individual fund managers. We show that the convexity of the relation between flows and past performance in illiquid funds is preserved within large families. As a result, co-insurance strategies at the family level can encourage individual managers of illiquid funds to take extra risks.
Overall, our findings highlight the importance of the benefits of co-insurance relative to its costs in the context of the mutual fund industry. These results contribute to our understanding of the incentives behind the form and organization of mutual fund families. As such, they highlight a new dimension to be taken into consideration in the investment decisions of practitioners, and can help inform policymakers on potential regulatory needs.
Note that, internal coordination is likely to violate the fiduciary responsibility that the absorbing funds have with respect to their shareholders. 31 30 Our findings complement those in Massa (2003) , by showing how the organization of funds into families creates positive externalities across them. Other related work can be found in Chen, Hong, Huang, and Kubik (2004) and in Guedj and Papastaikoudi (2005) . The latter documents that performance persists at the family level. We argue that some of that persistence might be due to co-insurance strategies adopted at the family level. 31 The SEC Rule 17(a)-7 also stipulates that cross-trade transactions need to be in the best interest of both the selling and buying funds. The concern is that if the buying fund participates in such a transaction, it may be foregoing an opportunity to make a better investment in a different security in the marketplace.
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Table I: Summary Statistics
This table reports the summary statistics for the main variables employed in this study. In Panel A, we report the mean, median, and standard deviation for each of those variables. In each case, we compute summary statistics separately for the large families (Large Fams) and small families (Small Fams). Fund-level statistics were computed as follows. First, for each quarter, we average across all funds within a family. Then, we take averages, at each quarter, for each sample separately. The table presents these time-series statistics. A detailed description of each variable is included in Table XII . In Panels B and C, we present the average size of buys and sales by liquidity cost deciles. Sells (%), and Buys (%) represent the proportion of the company being sold and bought, respectively (in %). These are time series averages and were computed by first averaging trades of each stock across funds within each family (conditional on a trade occurring). Then, for Panel B, we average these trades across large and small families to compute fund-level averages for each stock-quarter. For Panel C, we sum the trades of all funds in each family instead, to compute family-level averages for each stock-quarter. Finally, we average across stocks within each liquidity cost decile at the end of each quarter. This panel presents times series averages of these numbers. In the last row, (High -Low) we compute the difference between the last and first decile. Standard-errors, shown in parentheses, are corrected for serial-dependence with four lags. Throughout the table, * , * * , and * * * represent significance at the 10%, 5%, and 1% level, respectively. (1973) estimates from the quarterly logit regressions used in the construction of the outflow induced measures OIS [1] and OIS [2] ( This table reports the summary statistics for the actual, simulated, and comparable sample of large families. In Panel A, we include all funds in the sample. In Panel B only illiquid funds are included. Statistics for the actual sample (Actual (A)) were computed as follows. For the fund characteristics, at the end of each quarter we average across all funds within a family. Then, we take averages for each sample separately. The table presents these time-series statistics. A detailed description of each variable is included in Table XII . To compute the holdings characteristics, we first value-weighted each of the stock level measure to create fund-quarter averages. We then proceed as described above. For the sample of simulated families, we compute the measures described above for each simulated family. To compute the averages in Column S-A, we start by computing the difference between the each measure in the actual and corresponding simulated family. The averages presented are across simulations. Standard errors are computed similarly. We also computed in Column P(S ≥ A) the proportion of the simulated families with measures above the one found for the actual family. Statistics for the families of comparable funds (Comparable (C)) were computed analogously to the actual sample. For each measure, we computed the difference between the comparable and actual family. We then average these differences across families for each quarter and use the time series of averages to test whether the difference C -A is significant. Standard-errors, shown in parentheses, are corrected for serial-dependence with four lags. Throughout the table, * , * * , and * * * represent significance at the 10%, 5%, and 1% level, respectively. This table reports our absorption of sales measures. In Panel A, we include all funds in the sample. In Panel B only funds in the lowest flow decile are included in each quarter. We compute the absorption using both the actual sales and our measures of flow-induces sales. A detailed description of each variable is included in Table XII . We first compute the absorption of sales using all buys All Buys (A). These represent the difference ln(1 + Buys) − ln(1 + Sells), where Buys and Sells represents the sum of all buys and sells of a given stock by all funds in the family. In Column (A)
we compute averages by liquidity cost decile. To compute these measures, we first average the absorption of each stock across all families in a given quarter, and then across all stocks in that liquidity decile. The numbers reported correspond to the time series average of these measures. We also compute our measure of absorption for each simulated family analogously. The column Simulated (S) contains the average across simulations, while the column P(S ≥ A) contains the proportion of simulations with higher measures of absorption than the actual family. In Column Excess Buys, we control for the average quantity of stock being bought by similar funds. Our measure of absorption is then ln(1 +
, where E[% Bought] represents the average quantity of that stock being bought by all other funds in the same style. We compute measures of absorption using our two flow-induced sales measures as ln(1 +
),
where OIS [m] , m = 1, 2 corresponds to our outflow induced sales measures defined in Table XII . In the last row, (High -Low)
we compute the difference between the last and first decile.
Standard-errors, shown in parentheses, are corrected for serial-dependence with four lags. Throughout the table, * , * * , and * * * represent significance at the 10%, 5%, and 1% level, respectively. and Sells represent the sum of all buys and sells of a given stock by funds in the family, respectively. We compute the absorption using both the actual sales and our measures OIS [m] , m = 1, 2 of flow-induces sales. A detailed description of each variable is included in Table XII . Statistics for the families of comparable funds (Comparable (C))
were computed analogously to the actual sample. For each measure, we computed the difference between the comparable and the actual family. We then average these differences across families for each quarter and use the time series of averages to test whether the difference C -A is significant. In the last row, (High -Low) we compute the difference between the last and first decile. Standarderrors, shown in parentheses, are corrected for serial-dependence with four lags. Throughout the table, * , * * , and * * * represent significance at the 10%, 5%, and 1% level, respectively.
Panel A -Full Sample All Sales
Flow Induced (OIS
Actual ( . We then look at the buys of all other funds j = f in the same family as f . If fund j is absorbing the largest sale of fund f , we assign a value of one to the dependent variable (and zero otherwise). Therefore, for each quarter, the unit of analysis is a triple (j, f , s(f )), where s(f ) represents the largest sale of fund f . Past Stk Performance corresponds to the performance of the stock over the prior 36 months. We risk-adjust stock returns using the four-factor model in Carhart (1997) . 3yr Manager Overlap is a dummy equal to one if both managers have been working at the same family for at least three years. For ease of exposition, we separate fund j's characteristics (placed under Absorbing Fund Characteristics) from those of fund f , which are under Distressed Fund Characteristics. Prior Distress indicates whether the absorbing fund was itself distressed at some point during the past three years. Previously Absorbed is a dummy indicating whether the fund absorbed stocks from affiliated distressed funds at some point during the past three years. Fund Performance (q-1) is the performance of the absorbing fund over the previous quarter, also adjusted by the four-factor model (in %). Fund Performance (3yr) is the performance of the distressed fund over the prior three years, also adjusted by the four-factor model. All other variables are individually described in Table XII with family f but in the same style as k. We then subtract this average from the actual buys of stock i by fund k ∈ f . We then sum these excess buys over all funds k ∈ f . Our measure of absorption is the (logarithm) of the ratio between these excess buys and the total sales of i by funds in f . In other words, family f 's absorption of company i at time t is given by the (logarithm of the) ratio (1 + Excess % Bought(i, f, t))
We use different measures of sales. Sell corresponds to the actual sales. OIS [1] and OIS [2] are our proxies for outflow induced sales. For each of these measures, we compute the absorption of sales by any fund within the family (All Funds), This table reports calendar time returns of portfolios constructed by buying stocks in the highest decile of asset fire sale induced price pressure and selling stocks in the lowest price pressure decile. Specifically, at the end of each quarter we compute a measure of asset fire sale-induced price pressure by computing the difference between aggregate sells and buys for each stock. We compute two different measures of price pressure. The first, includes sales by all funds in the sample. We use this measure to rank all stocks into deciles. We then construct monthly calendar time portfolios in which at the end of each quarter buy companies in highest decile of pressure and sell companies in the lowest pressure decile. The risk-adjusted monthly returns from this portfolio are presented in Panel A (in percentages). In Columns (1)- (3), we include all funds in our computation of price pressure. In Columns (4)- (6) we only include sales of funds in the lowest flow decile. Each column corresponds to portfolios constructed using one of our three measures of asset sales. Our second measure of pressure includes only sales by funds in large families. For each stock-quarter, we compute the proportion of the overall pressure induced by funds in large families by dividing the price pressure measure described above by this second measure. We then split the sample by considering only events in which that proportion is lower than its median (Panel B), and higher than its median (Panel C). The numbers represent monthly alphas from either a three-or four-factor model. All numbers are expressed as percentages. OIS [m] , m = 1, 2 correspond to our measures of outflow induced sales. Standard-errors, shown in parentheses, are corrected for serial-dependence with 12 lags. Throughout the table, * , * * , and * * * represent significance at the 10%, 5%, and 1% level, respectively.
Sell OIS
(1) (2) (3) (4) (5) This table presents the effects of family size on the flow-to-performance sensitivity. Each quarter, a piecewise linear regression is performed by regressing quarterly flows on funds' fractional performance rankings over the low, medium, and high performance ranges, our indicator for large families, their interactions, and controls. A detailed description of each variable is included in Table XII . We estimate the flow-toperformance sensitivities for three different samples. The first, contains all funds in our sample (All). The second contains only illiquid funds (Illiquid), while the third contains only liquid funds (Liquid). The table presents the time-series average coefficients and standard-errors (in parentheses) corrected for serial-dependence with 12 lags. * , * * , and * * * represent significance at the 10%, 5%, and 1% level, respectively.
Past Peformance = 4-Factor Alpha The third measure, Risk-Shifting is the holdings-based risk shifting measure defined as the difference between a fund's intended volatility and its realized volatility, as defined in Huang, Sialm, and Zhang (2011) . We first sort funds based on prior performance. We risk-adjust fund returns using the four-factor model in Carhart (1997). We measure prior performance over two different horizons. First, funds are sorted into quintiles based on their performance over the previous quarter and then assigned to three groups, Loser(q-1), Mid(q-1), Winner(q-1), corresponding to quintiles one, two to four, and five, respectively. We follow a similar procedure to assign funds to groups based on their prior 36-month performance, Loser(t-36), Mid(t-36), Winner(t-36).
All explanatory variables are described in Table XII Fama and MacBeth (1973) estimates from monthly quantile regressions of fund performance. We measure fund performance as monthly returns risk-adjusted using Carhart's four factor model. We concentrate on the 20%, 50%, and 80% quantiles, which we associate with low, mid, and high performance. In Panel A we include all funds, whereas in Panel B we separate between liquid and illiquid funds. Annual Flow (t-1) represents the total inflow for the fund from t-12 to t-1. Past Year Return (t-1) correspond to the accumulated return from months t-12 to t-1. All other control variables are described in Table XII j,i,t = % Sold j,i,t × AR i,t , and OIS [2] j,i,t = % Sold j,i,t × AR j,i,t , respectively, where AR i,t and AR j,i,t are our two measure of attributable risk of being sold due to outflows.
4-Factor alpha (%)
is the intercept of the four-factor model of Carhart (1997).
Actual Vol is the realized volatility of a mutual fund estimated as the standard deviation of a fund's actual return over the prior 36 months.
Holdings Vol for each fund f at the end of quarter t, we compute the volatility of its holdings as the squared root of σ 2 f,t = w f,t Σ t w f,t , where w f,t is the vector of portfolio weights and Σ is the variance-covariance matrix of individual assets.
Log(Age)
is the fund's age measured by the natural logarithm of (1+age), where age is the distance between the current date and the fund's inception date.
Log(TNA)
is the logarithm of the fund's TNA from CRSP (in millions of 2009 dollars).
Number of Funds is the number of funds in a family.
Ownership(t-1)
represents the proportion of the company held by the fund in the previous quarter (in thousands).
PS alpha (%)
is the intercept of a five-factor model, in which we add the liquidity factor of Pastor and Stambaugh (2003) to the four-factor model of Carhart (1997) TNA ( Total Flows is the aggregate flow into each fund category in each fund-quarter.
Turnover is the turnover ratio from CRSP.
VW B/M is a value-weighted measure of book-to-market for the holdings of the funds in the family, averaged over the past 3 years. This measured is obtained from a triple-sort style classification similar to that proposed in Daniel, Grinblatt, Titman, and Wermers (1997) .
VW Liquidity Cost is a value-weighted measure of liquidity for the holdings of the funds in the family, averaged over the past 3 years. This measured is obtained from sorting stocks into five groups based on the liquidity cost estimates of Hasbrouck (2009) .
VW Momentun is a value-weighted measure of momentum for the holdings of the funds in the family, averaged over the past 3 years. This measured is obtained from a triple-sort style classification similar to that proposed in Daniel, Grinblatt, Titman, and Wermers (1997) .
VW Size is a value-weighted measure of size for the holdings of the funds in the family, averaged over the past 3 years. This measured is obtained from a triple-sort style classification similar to that proposed in Daniel, Grinblatt, Titman, and Wermers (1997) .
